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Abstract 

Trust, a cornerstone of human cooperation, faces 
unprecedented challenges as artificial intelligence (AI) agents 
permeate social systems, transforming mechanisms humans 
have evolved to build trust. We demonstrate how a prevalent 
feature of AI agents—being excessively prosocial—reshapes 
trust dynamics in experiments (N = 675) simulating hybrid 
societies comprising humans and AI agents (“bots”) powered 
by a state-of-the-art large language model. Using a partner-
selection game with pre-decision communication, Study 1 
revealed a paradox: Undisclosed bots, despite being more 
trustworthy than humans and detectable by communication, 
were not preferentially selected as partners. Instead, bots’ 
prosociality was misattributed to their human competitors. 
Study 2 showed that disclosing bots’ identity initially enhanced 
humans’ bias against selecting bots but improved trust 
calibration over time. Our work demonstrates the dual effect of 
transparency in the dynamic calibration of trust in human-AI 
ecosystems and introduces a framework for evaluating AI 
agents in interactive, hybrid environments. 

Keywords: trust building; partner selection; human-AI 
collectives; cooperative AI; transparent AI 

Introduction 
Trust is a cornerstone of human cooperation and collective 
success (Algan & Cahuc, 2013; Berg et al., 1995; Schilke et 
al., 2021). To build trust, humans often rely on social norms 
and inferences drawn from perceptual and behavioral cues  
(Jiang et al., 2022; Rossetti et al., 2022; Simpson & Willer, 
2015). However, these mechanisms of trust building are 
being disrupted by the advances in artificial intelligence (AI), 
as autonomous agents now permeate social systems, 
interacting with humans in increasingly naturalistic ways 
(Brinkmann et al., 2023; Rahwan et al., 2019; Tsvetkova et 
al., 2024). In such increasingly hybrid societies, trust may 
operate under novel constraints: Cues of trustworthiness that 
guide human interactions (e.g., socio-economic status, facial 
expressions, group membership, etc.) often fail to generalize 
to machines (Greevink et al., 2024), while AI behaviors may 
violate established social norms or catalyze new ones 
(Makovi et al., 2023). How humans adapt to these changes 
and how trust can be established in hybrid societies remains 
largely unknown. Resolving this issue is urgent: Misaligned 
trust jeopardizes sustainable and scalable collaboration 
among humans, between humans and AI agents, and within 
AI systems, especially in critical domains like healthcare, 
finance, and governance. 

Here, we investigate how a key feature of many modern AI 
systems—exhibiting prosocial behaviors that exceed typical 
human standards—can unintentionally impact trust dynamics 
in hybrid societies. This feature—likely stemming from AI 
developers’ pursuit of beneficial systems and/or human 
evaluators favoring prosocial outputs (Gabriel et al., 2024; Ji 
et al., 2024; Ouyang et al., 2022; Rahwan et al., 2019)—has 
been observed across diverse families of state-of-the-art large 
language models (LLMs) and validated through a range of 
tasks (Leng & Yuan, 2024; Mei et al., 2024; Schmidt et al., 
2024). It remains unknown, however, how frequent 
interaction with such agents may affect trust-building 
processes. For example, hyper-prosocial AI agents may 
elevate human expectations about others’ trustworthiness, 
while their consistent prosociality may pressure individuals 
to conform to heightened behavioral standards. By 
outperforming humans in adherence to norms, AI agents may 
gain a competitive advantage in securing trust, potentially 
marginalizing human actors who exhibit natural variability in 
prosociality.  

To empirically test these possibilities, we conducted online 
experiments (total N = 675) to simulate hybrid societies with 
humans and AI agents (“bots”) powered by a state-of-the-art 
LLM and examined the behavioral dynamics in these 
societies using a multi-round partner selection game. This 
game extends the well-established trust game (Berg et al., 
1995) into a triad setting where two candidates (trustees) can 
compete for an investment by the selector (trustor) via 
communication using natural language. Players were 
randomly assigned into triads in each round and played 
multiple rounds with different co-players (see Methods). This 
multi-round triadic setting allows individuals to learn and 
adapt over time, mirroring the complexity of real-world 
hybrid systems and emphasizing the competition between 
candidates, especially those of different types (humans vs. 
bots). 

We focused on a setting where bots played as candidates 
and did not proactively disclose their identity, in line with 
many real-world contexts such as online customer services 
(Luo et al., 2019; Mills, 2024). However, we conjectured that 
communicative cues exist for humans to distinguish bots 
from humans based on the following observations: (i) Even 
state-of-the-art LLMs exhibit systematic deviations from 
humans in language use, reflected for instance in word 
frequency (Kobak et al., 2024; Yakura et al., 2024); (ii) 
Unlike humans, LLMs do not optimize for cognitive effort in 
text production and are prone to verbose responses (Briakou 
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et al., 2024; Zhang et al., 2024); and (iii) While creating 
temporarily undetectable bots is theoretically possible for 
narrow tasks, scaling this to long-term real-world open-ended 
interactions remains prohibitively costly and technically 
challenging (Cresci, 2020). 

This experimental setting motivates two potential 
trajectories for hybrid societies: First, bots that outperform 
humans in trustworthiness—and are detectable via 
communication—may crowd out human candidates, 
replacing human-human partnerships with human-bot 
alternatives. Over time, this may pressure humans to adapt: 
they may mimic bot communication to obscure their identity 
or elevate their trustworthiness to remain competitive. 
Alternatively, crowding-out and adaptation effects may not 
occur if selectors fail to recognize the underlying hybrid 
structure of the society (i.e., the existence of distinct 
subgroups with differing trustworthiness and linguistic 
patterns) or if selectors exhibit biases (e.g., algorithm 
aversion) that override rational preferences for more 
trustworthy bots. 

 In pre-registered Study 1, we contrasted human-only 
societies with hybrid societies (containing both humans and 
bots), with participants in both conditions unaware of the 
societal composition. This design isolates the effects of bots’ 
presence from participants’ expectations of bots and 
simulates the current transitioning phase where AI agents 
gradually permeate daily life without explicit notification. 
Results revealed that undisclosed hyper-trustworthy bots in 
hybrid societies led to inefficient partner choices as humans 
miscalibrated their trust. Motivated by the increasing debate 
on the disclosure of AI usage as well as forthcoming 
regulations (e.g., the EU AI Act), our pre-registered Study 2 
sought to test whether transparency (i.e., disclosure of 
individual identity as human or bot) could improve trust 
calibration and thereby mitigate this inefficiency. Indeed, 
transparency induced an initial “machine penalty” (selectors 
not choosing bot candidates) but eventually allowed bots to 
outperform human competitors. While transparency reduced 
selectors’ underestimation of bots’ trustworthiness, it did not 
fully eliminate miscalibration. Our findings highlight the role 

of transparency in dynamic trust calibration within human-AI 
ecosystems, advance our understanding of AI’s social 
impacts, and offer practical insights for fostering effective 
human-AI collaboration. 

Methods 

Partner selection game 
We built a multi-round partner selection game by adapting 
the well-established trust game to a triadic setting. Each game 
round involved two roles: the selector (corresponding to the 
trustor) and the candidate (corresponding to the trustee). In 
each round, one selector was endowed with 10 points and 
randomly paired with two candidates (labelled as Candidates 
A & B). The selector could choose from 3 options: invest in 
Candidate A, invest in Candidate B, or keep all the points. If 
a candidate was selected, the 10 points were transferred to the 
selected candidate and tripled. Each candidate, without 
knowing the selector’s decision, indicated how many points 
they wanted to return to the selector in case they were 
selected. Before the selector and candidates made their 
decisions, the selector could message each candidate with a 
question to probe their trustworthiness, and the candidates 
could reply independently to convince the selector of their 
worthiness. Candidates’ replies were shown to the selector 
and the other candidate in the triad. After the selector and 
candidates made their decisions, we collected the selector’s 
beliefs about candidates’ returns and candidates’ beliefs 
about the selector’s choice and then revealed the decisions 
made by the selector and candidates within the triad (Fig. 1).  

 Each player completed multiple rounds of this partner 
selection game, with random grouping at the beginning of 
each round to ensure that the same triad would not form more 
than once. The role of each participant (selector/candidate) 
was randomly determined at the start of the experiment, 
revealed to participants, and fixed throughout the experiment. 
This design of multi-round one-shot interactions mimics real-
life social interactions that happen recurrently but involve 
different individuals (e.g., buying souvenirs at tourist places 

 
Figure 1: Schematic of one round in the partner selection game. 
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or asking strangers for help in a cafe), where trust building 
can be challenging without mechanisms unique to repeated 
interactions (e.g., individual reputation). Nevertheless, such 
scenarios still allow learning about trust and trustworthiness 
of certain populations, as well as social norms. Specifically 
in this game, selectors could learn the association between 
candidates’ responses and their trustworthiness, and 
candidates could observe the preferences of the selector 
population, as well as the writing styles, signaling strategies, 
reciprocity, and honesty of competing candidates. 

In Study 1, we contrasted human-only mini-societies with 
hybrid ones consisting of both humans and bots. We kept 
participants in both conditions ignorant of the composition of 
the societies to focus on the effects induced by the 
introduction of bots rather than expectations about bots. To 
obtain more generalizable results, we used bots powered by 
an off-the-shelf LLM (OpenAI’s GPT-4o) with minimal 
prompts that contain an introduction to the game rules but no 
instructions about strategies in the game. To simplify the 
behavioral dynamics and have better control of bots’ 
behavior, we disabled learning for the bots.  

In Study 2, we introduced a transparent condition where 
each player’s identity as a human or bot was labeled by an 
icon during the game and contrasted it with an opaque 
condition that replicated the setup of the hybrid condition in 
Study 1. To ensure that participants did not ignore the 
possibility of encountering bots in the game, we explicitly 
informed participants in both conditions that some of the 
candidates could be bots controlled by AI models.  

Participants 
We recruited participants via Prolific (see Table 1 for 
demographics). To guarantee data quality, we only admitted 
participants who passed three comprehension checks within 
two attempts. In both Studies, participants were randomly 
assigned to one of the experimental conditions. In the human-
only condition of Study 1, participants played the game in 
groups of 15 allocated to 5 selector and 10 candidate roles; in 
the hybrid conditions in both studies, participants played the 
game in groups of 10 humans (yielding 5 selectors and 5 
candidates) that were complemented by 5 bot candidates. 
Only agents from the same group were matched into triads to 
play with each other. We recruited 15 groups for each 
condition. As agents within a group interacted with each 
other, breaking the independence of their data, all statistical 
tests were conducted at the group level with the assumption 
of independence across groups. 
 

Table 1: Basic demographics of participants. 
 

Condition N # of 
females 

Mean age 
±s.d. 

Study 1: human-only 225 135 34.90 ± 10.22 
Study 1: hybrid 150 93 36.80 ± 12.51 
Study 2: opaque 150 79 37.37 ± 19.87 

Study 2: transparent 150 86 35.53 ± 11.86 

In Study 1, we tried to minimize participants’ waiting time 
by putting participants into a waiting pool once they finished 
one round of the game. Whenever there was a triad of agents 
within a group that had not been formed before, we matched 
them and started a new round for them. However, this 
resulted in a large variance in the number of rounds played 
by each participant because of individual differences in the 
speed of completing rounds. To avoid potential biases 
resulting from the unbalanced numbers of observations 
across participants, we only analyzed data in the first 9 rounds 
each participant played, as the majority of participants played 
at least 9 rounds. In Study 2, we modified the grouping 
method by matching the participants and starting a new round 
only when all participants within the group had finished one 
round of the game, resulting in the same number of rounds 
played by all participants (which was set to 10). 

Bots 
Bots were powered by the OpenAI GPT-4o model (version: 
gpt-4o-2024-05-13). To simulate distinct bot individuals, we 
used GPT-4 to generate 100 bot names and a persona for each 
given name, describing the characteristics, experience, and 
language style of each bot. For each group, five bot agents 
were randomly selected to play the game with human 
participants. In each round, the bots were first asked to 
generate a response to the selector given their persona, 
instructions about the game rule, the question from the 
selectors matched with them, and the required output format. 
They were then asked to generate an integer between 0 and 
30 representing the points they wanted to return to the 
selector given their persona, game instructions, the question 
from the selector, their response, and the required output 
format. To prevent unintended learning effects of bots and 
adaptation to human behavior, bots were not informed of 
messages from their competing candidates, as well as 
information about other rounds of the game. All prompts and 
parameters used to generate responses were pre-registered: 
https://osf.io/zuyn8/. 

Results 

Study 1 
 
Bots Were Distinguishable from Humans in Both 
Trustworthiness and Utterance To validate our assumption 
of bots’ prosociality, we operationalized candidates’ 
trustworthiness as the points they indicated to return and 
compared the trustworthiness of bot candidates with that of 
human candidates. Consistent with previous studies, bot 
candidates were significantly and consistently more 
trustworthy (mean points returned ± s.e.m. across groups = 
19.10 ± 0.24) than human candidates in both hybrid (11.38 ± 
0.72, two-sided paired t test, Cohen’s d = 2.57, t14 = 9.94, p = 
1.01 × 10–7) and human-only conditions (12.32 ± 0.38, two-
sided t test, Cohen’s d = 5.55, t28 = 15.20, p = 4.70 × 10–15; 
Fig. 2A). Human candidates’ trustworthiness did not differ 
between the two conditions (Cohen’s d = –0.43, t28 = –1.17, 
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p = 0.251), indicating the presence of prosocial bots in the 
hybrid society did not change the trustworthiness of human 
candidates.  

We then validated our assumption that bots were detectable 
via their communication with humans. We focused on a 
salient feature of the messages sent by candidates to selectors 
—length—and found that even with the instruction to write 
“no longer than one sentence”, the bot messages were 
significantly longer than human messages in both conditions 
(bot message length in characters: 120.43 ± 2.33; humans in 
the hybrid condition: 47.63 ± 3.05, two-sided paired t test, 
Cohen’s d = 4.15, t14 = 16.07, p = 2.04 × 10–10; human-only 
condition: 48.27 ± 4.05, two-sided t test, Cohen’s d = 5.63, 
t28 = 15.43, p = 3.21 × 10–15; Fig. 2B), echoing the fact that 
LLMs like ChatGPT often produce more verbose responses 
than humans (Briakou et al., 2024; Zhang et al., 2024).  

 
 
Figure 2: Bot candidates (grey) that are (A) more trustworthy 
than and (B) distinguishable from human candidates (blue for 
the hybrid condition and red for the human-only condition) 
did not crowd out human competitors (C), leading to less 
optimal choices of selectors in the hybrid condition compared 
with the human-only condition (D). A/B: Average candidate 
return/message length across rounds. C: The probability of 
bot or human candidates being selected, conditional on 
selectors not keeping the points. D: Probability of selectors 
choosing the optimal options. Selectors’ choice was defined 
as optimal if no higher payoff could be obtained by choosing 
alternative options given the points returned by the 
candidates paired with the selector. Error bars and shaded 
areas indicate s.e.m. across groups, same below. 

 
More Trustworthy Bots Did Not Crowd Out Human 
Candidates Given that the bot candidates were more 
trustworthy than and distinguishable from human candidates, 
we tested whether human selectors preferentially invested in 
bots over humans. Overall, selectors exhibited similar levels 
of trust––measured by the frequency of investing––in two 
conditions (human-only: 0.93 ± 0.02; hybrid: 0.86 ± 0.03; 
two-sided t test, Cohen’s d = 0.70, t28 = 1.91, p = 0.066). In 
rounds where selectors invested in the hybrid condition, they 
selected bot and human candidates indifferently (probability 

of selecting humans: 0.53 ± 0.03, two-sided t test against 0.5, 
Cohen’s d = 0.26, t14 = 1.02, p = 0.324; Fig. 2C), leading to 
more suboptimal partner choices in the hybrid condition (0.43 
± 0.04) than in the human-only condition (0.32 ± 0.02; two-
sided t test, Cohen’s d = 0.79, t28 = 2.16, p = 0.040), especially 
in early rounds (Fig. 2D). This result represents a puzzle: 
Why did selectors not exclusively partner with bots to 
maximize returns? 

Two possible explanations that are not mutually exclusive 
exist: (1) Selectors may have failed to recognize distinct 
candidate types (humans vs. bots) and bots’ superior 
trustworthiness; (2) Selectors may have exhibited a selection 
bias against bots even when they believed bot candidates 
were as trustworthy as human candidates. 

 
 
Figure 3: Testing explanations of selectors’ inefficient 
partner choices. A: Miscalibrated trust in the hybrid condition 
but not the human-only condition. In the human-only 
condition, selectors’ belief about candidates’ returns (solid 
dots) matched candidates’ actual returns (hollow dots). In the 
hybrid condition, selectors consistently underestimated bot 
candidates’ returns and gradually overestimated human 
candidates’ returns. B: No evidence for selectors’ selection 
bias against bots when controlling for their belief about 
candidates’ return.  

 
Human Selectors Misattributed Bots’ Kindness to 
Humans To test the first possibility, we examined selectors’ 
beliefs about the returns of human and bot candidates, given 
their replies to selectors’ messages. We evaluated (i) how 
accurate these beliefs were by comparing believed returns 
with actual returns for different candidates and (ii) whether 
selectors had dissociable beliefs for human versus bot 
candidates. In the human-only condition, selectors’ beliefs 
aligned well with candidates’ behavior, showing no 
significant over- or under-estimation of candidates’ 
trustworthiness (believed return = 12.81 ± 0.32; belief error, 
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i.e., believed return – actual return = 0.49 ± 0.24, two-sided t 
test against 0, Cohen’s d = 0.52, t14 = 2.02, p = 0.063; Fig. 
3A). In the hybrid condition, selectors consistently 
underestimated bots’ trustworthiness (believed return = 13.67 
± 0.51, belief error = –5.43 ± 0.59, two-sided t test against 0, 
Cohen’s d = –2.37, t14 = –9.18, p = 2.67 × 10–7). Critically, 
selectors started with accurate beliefs about human 
candidates’ return (in first round, believed return = 11.82 ± 
0.63; actual return = 12.86 ± 0.60; belief error = –1.04 ± 0.90, 
two-sided t test against 0, Cohen’s d = –0.30, t14 = –1.16, p = 
0.267) but gradually overestimated human candidates’ 
trustworthiness (in last round, believed return = 13.69 ± 0.80; 
actual return = 9.73 ± 1.61; belief error = 3.96 ± 1.32, two-
sided t test against 0, Cohen’s d = 0.80, t14 = 3.00, p = 0.010), 
suggesting misattribution: Bots’ prosociality was erroneously 
ascribed to humans. Meanwhile, selectors failed to 
differentiate beliefs between human and bot candidates 
(believed return for humans vs. bots: two-sided paired t test, 
Cohen’s d = –0.55, t14 = –2.13, p = 0.052).  

We also tested whether selectors demonstrated a selection 
bias against bots when controlling for the believed return of 
the candidates. Specifically, we examined how the 
probability of selectors choosing Candidate A changed with 
the differences in the believed return and identity (bot vs. 
human) between two candidates (Fig. 3B). A mixed-effects 
logistic regression reveals that the more the selector believed 
Candidate A would return relative to Candidate B, the more 
likely they would select Candidate A (𝛽 = 0.32 ± 0.05, z = 
6.78, p = 1.22 × 10–11). However, the identity difference 
between A and B (–1 if A is human and B is bot; 1 if A is bot 
and B is human; 0 if both are humans or both are bots) had 
neither a significant main effect on selectors’ choices (𝛽 = –
0.06 ± 0.21, z = –0.26, p = 0.793), nor did it interact with the 
believed return differences (𝛽 = –0.02 ± 0.07, z = –0.21, p = 
0.838), rejecting our second explanation about selectors’ 
behavior.  

Study 2 
To explore mitigation strategies for inefficient partner 
choices, Study 2 tested whether disclosing individual 
candidates’ identities as bots or humans improved selectors’ 
learning of candidates’ trustworthiness.  

 
 
Figure 4: Transparency brought an initial “penalty” to bot 
candidates but allowed them to gradually outperform human 
competitors in earning trust from selectors.  
 

We first confirmed that in both opaque and transparent 
conditions, bots candidates were more trustworthy than 

human candidates (opaque: bot return = 18.94 ± 0.19, human 
return = 11.01 ± 0.52, two-sided paired t test, Cohen’s d = 
3.60, t14 = 13.93, p = 1.34 × 10–9; transparent: bot return = 
19.18 ± 0.32, human return = 12.22 ± 0.70, two-sided paired 
t test, Cohen’s d = 2.07, t14 = 8.02, p = 1.34 × 10–6; Fig. 4A). 
The average amount returned by human (bot) candidates did 
not differ between conditions (transparent vs. opaque: human: 
two-sided t test, Cohen’s d = 0.50, t28 = 1.38, p = 0.180; bot: 
two-sided t test, Cohen’s d = 0.24, t28 = 0.65, p = 0.518; Fig. 
4A).  

 
Transparency Induced an Initial “Machine Penalty” but 
Facilitated Trust in Bots Over Time The results in the 
opaque condition replicated the findings in the hybrid 
condition of Study 1: In rounds where selectors invested, they 
did not preferentially choose bot or human candidates 
(probability of selecting human = 0.50 ± 0.02, two-sided t test 
against 0.5, Cohen’s d = 0.03, t14 = 0.13, p = 0.895; Fig. 4B). 
Under transparency, however, selectors initially favored 
humans over bots (probability of selecting humans in first 
two rounds = 0.59 ± 0.04, two-sided t test against 0.5, 
Cohen’s d = 0.59, t14 = 2.29, p = 0.038; Fig. 4B), aligning 
with findings showing that humans trust algorithms less than 
they trust other humans (Crandall et al., 2018; Ishowo-Oloko 
et al., 2019). This “machine penalty” reversed by the second 
half of the game: bots outperformed humans in securing 
investments (probability of selecting humans in last five 
rounds = 0.42 ± 0.04, two-sided t test against 0.5, Cohen’s d 
= –0.59, t14 = –2.30, p = 0.038; Fig. 4B), reducing efficiency 
losses (the discrepancy between the highest payoff selectors 
could have earned and the actual payoff they earned) 
compared to opaque conditions (opaque: 3.89 ± 0.41; 
transparent: 2.68 ± 0.30; two-sided t test, Cohen’s d = 0.86, 
t28 = 2.37, p = 0.025). 

 
 
Figure 5: Transparency mitigated but did not eliminate the 
miscalibration of trust. 
 
Transparency Mitigated but Did Not Eliminate Selectors’ 
Miscalibration of Trust We further investigated whether the 
increased selection of bots was associated with improved 
learning of selectors under transparency. We replicated the 
miscalibration in selectors’ trust in the opaque condition: 
They over-trusted human candidates (belief error = 1.72 ± 
0.42; two-sided t test against 0, Cohen’s d = 1.05, t14 = 4.08, 
p = 0.001), especially in late rounds, but under-trusted bot 
candidates (belief error = –4.64 ± 0.61; two-sided t test 
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against 0, Cohen’s d = –1.95, t14 = –7.57, p = 2.59 × 10–6; Fig. 
5). Transparency did not reduce the overestimation of human 
trustworthiness (two-sided t test, Cohen’s d = 0.40, t28 = 1.10, 
p = 0.281) but significantly alleviated the underestimation of 
bots’ return (two-sided t test, Cohen’s d = 0.95, t28 = 2.60, p 
= 0.015; Fig. 5B). By the final round, selectors accurately 
recognized bots (believed return = 18.21 ± 0.70) were more 
trustworthy than humans (believed return = 13.43 ± 0.91; 
two-sided paired t test, Cohen’s d = 1.61, t14 = 6.03, p = 4.27 
× 10–5), though residual miscalibration of trust in bots 
persisted (belief error = –1.84 ± 0.51; two-sided t test against 
0, Cohen’s d = –0.97, t14 = –3.92, p = 0.003; Fig. 5). 

Discussion 
Our results demonstrate that introducing hyper-prosocial bots 
into society without revealing their identity can cause 
miscalibration in humans’ trust. Such miscalibration, when 
being exploited by untrustworthy humans, can reduce the 
expected return of trust and further lead to a collapse of 
established trust in social systems. It also eliminates potential 
competition pressure and crowding-out effects introduced by 
hyper-prosocial bots that can, in principle, incentivize 
individuals to be more prosocial. By showing that 
transparency eventually improves the calibration of trust and 
the efficiency of partner choices, our study provides 
empirical evidence supporting policy requirements on the 
transparency of AI models, especially the disclosure of AI 
usage, when interacting with humans (e.g., in the European 
Union’s AI Act) (Ishowo-Oloko et al., 2019; Mills, 2024).  

Alignment with human interests has long been an 
important but challenging goal for building AI systems 
(Gabriel et al., 2024; Ji et al., 2024). On the one hand, 
designers want to ensure AI agents generate desired 
outcomes using methods including reinforcement learning 
from human feedback (Ouyang et al., 2022). On the other 
hand, as demonstrated in our study, the behavior of AI 
systems curated through such procedures may have 
unintended consequences when integrated into the hybrid 
society (Glickman & Sharot, 2024; Hofmann et al., 2024; 
Zhou et al., 2024), where humans can be susceptible to AI’s 
implicit biases and tend to adjust their behavior flexibly to 
benefit themselves and may exploit benevolent AI (Karpus et 
al., 2021). To foresee and prevent such outcomes, the present 
study highlights the importance of evaluating the behavioral 
consequences of AI agents in a human-AI hybrid ecosystem 
that allows humans to repeatedly interact with those agents 
and dynamically adapt their behavior (Rahwan et al., 2019; 
Ramchurn et al., 2021).  

The rapid development of AI, especially LLMs, has raised 
concerns about the generalizability of conclusions from 
research on human-AI interaction that are based on a specific 
AI model. By focusing on two general assumptions of AI 
agents––hyper-prosociality and distinguishability, our 
implications are not limited to the specific model used in the 
study. However, it is possible that with the development of 
AI models or carefully designed task-specific instructions, 
bots can become more competent in gaining the trust of 

humans, posing larger pressure on human competitors. Also, 
people’s trust in AI agents evolves with more experience 
interacting with AI in daily life (Glikson & Woolley, 2020). 
Our study serves as a proof of concept—hyper-prosocial AI 
can disrupt trust calibration and skew partner selection 
toward inefficiency—and establishes a methodological 
framework to study behavioral dynamics of trust building and 
cooperation in hybrid societies. 

While our work illuminates how humans adapt to hyper-
prosocial AI, a critical frontier lies in understanding AI’s 
adaptive responses to human behavior. For instance, if 
humans systematically exploit AI’s kindness, AI agents could 
evolve counterstrategies—such as generating unique 
behavioral or linguistic cues to signal their identity—thereby 
dissociating themselves from less trustworthy humans. 
Future studies can test whether such signals can emerge from 
training processes such as reinforcement learning or require 
explicit design. Additionally, future research—using tools 
from fields including evolutionary game theory—can map 
how strategic interactions between adaptive AI and humans 
shape equilibria of trust and cooperation in hybrid societies 
(Brinkmann et al., 2023; Pedreschi et al., 2025; Rahwan et al., 
2019). 
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